Abstract-Much of information sits in an unprecedented amount of text data. Managing allocation of these large scale text data is an important problem for many areas. Topic modeling performs well in this problem. The traditional generative models (PLSA,LDA) are the state-of-the-art approaches in topic modeling and most recent research on topic generation has been focusing on improving or extending these models. However, results of traditional generative models are sensitive to the number of topics K, which must be specified manually and determines the rank of solution space for topic generation. The problem of generating topics from corpus resembles community detection in networks. Many effective algorithms can automatically detect communities from networks without a manually specified number of the communities. Inspired by these algorithms, in this paper, we propose a novel method named Hierarchical Latent Semantic Mapping (HLSM), which automatically generates topics from corpus. HLSM calculates the association between each pair of words in the latent topic space, then constructs a unipartite network of words with this association and hierarchically generates topics from this network. We apply HLSM to several document collections and the experimental comparisons against several state-of-the-art approaches demonstrate the promising performance.
Introduction
Managing large allocation of documents has become a popular challenge in many fields. Topic modeling, which assigns topics to documents, offers a promising solution for this challenge.
Topic models generate topics from a set of documents and assign topics to these documents. Based on these topics we can solve problems on cross-domain text classification [1] , [2] , understanding text clustering [3] , [4] , text recommendation [5] , and other related text data applications [6] . There has been an exceptional amount of research on topic-model algorithms. Although there exists extraordinary research on topic-model, most of them focus on generative models underlying PLSI [7] and LDA [8] .
PLSA and LDA are highly modular and can therefore be easily extended. PLSA model assumes the topics of each document follow a multinomial distribution and treats each topic as a multinomial distribution over the words. LDA model proposed a Dirichlet prior for the topic distributions of the documents and a Dirichlet prior for the words distributions of the topics. The LDA model is essentially the Bayesian version of PLSA model. Since LDA's introduction, there is much research based on it. The Correlated Topic Model Advances [9] follows this approach, inducing a correlation structure between topics by using the logistic normal distribution instead of the Dirichlet. Another extension is the hierarchical LDA [10] , where topics are joined together in a hierarchy by using the nested Chinese restaurant process. [11] explores several classes of structured priors for topic models, and find that an asymmetric Dirichlet prior over the document-topic distributions has substantial advantages over a symmetric prior, while an asymmetric prior over the topic-word distributions provides no real benefit.
The generative models allow sets of observations to be explained by unobserved groups that explain why some parts of the data are similar. In this problem, observations are the form of co-occurrences of words and documents. Generative models estimate the probability of each co-occurrence as a mixture of conditionally independent multinomial distributions (p(w|t) and p(d|t)). For both LDA and PLSI, the optimization goal is to find the global maximum of a likelihood function. Much study of disordered systems in physics has been focusing on this optimization problem too [12] . If we make this problem simpler, in which one word belong to one topic, then topic modeling will be similar to the problem of fitting stochastic block models to complex networks [13] , [14] .
A research on the validity of LDA optimization algorithms for inferring topic models proposes that current implementations of LDA have low validity [15] . They conduct a controlled analysis of topic-model algorithms for highly specified sets of synthetic data, and there analysis reveals that standard techniques for likelihood optimization are significantly hindered by the roughness of the likelihoodfunction landscape. Their paper also proposes a simple network approach to topic modeling named Topic Mapping. TopicMapping constructs a unipartite network of words by connecting words with their co-occurrence, then clusters the words. However the unipartite network in Topic Mapping is simple and not closely related to the problem of topic generation, and TopicMapping treats every cluster of the words as a topic, which is rough.
In this paper we propose a novel approach named Hierarchical Latent Semantic Mapping (HLSM) for topic generation. HLSM calculates the similarity of each pair of words for latent topics based on the Singular Value Decomposition (SVD) of the co-occurrences of words and documents. Then constructs a unipartite network of words with this similarity and hierarchically separates the network into clusters using the Hierarchical Map Equation algorithm [16] . Every cluster can be seem as a topic, then refine these initial topics using a PLSA-like likelihood optimization.
The contribution of this paper can be summarized as follows:
• Propose a novel approach to constructing network of words closely related to the latent topic space.
• Adapt approaches from community detection in networks to initial hierarchical topic generation, and also propose a method to further refine the topics.
• To evaluate the effectiveness of the proposed approach, we conducted experiments on several realworld text data sets. The experimental results demonstrate that our approach provides greatly improvements in terms of documents classification.
Problem of standard topic-model algorithms
The core assumption of standard topic-model algorithms is that a corpus consisted of N documents. And each document is generated by the processing selecting one topic from K topics with probability p(topic|doc) then selecting one word from N w distinct words with probability p(word|topic). Then, our problem is translated to estimate NK probabilities p(topic|doc) and KN w probabilities p(word-topic). LDA and PLSI both aim to estimate the values of these probabilities with the highest likelihood of generating the corpus [7] , [8] , [17] , [18] . Thus, the inference problem is transformed to an optimization problem [19] . But there exist many competing models with nearly identical likelihoods. Due to the high degeneracy of the likelihood landscape, standard optimization algorithms will more likely infer different models after different optimization runs than infer the model with the highest likelihood,as has been previously reported [11] , [19] .
Meanwhile, selecting the number of topics K is one of the most problematic modeling choices in finite topic modeling. There is no effective method for choosing K or evaluating the probability of held-out data for various values of K so far. And degree to which LDA is robust to a poor setting of K is not well-understood [11] . Ideally, if LDA has sufficient topics to model the data set well, an increase in K would not have a impact on the assignments of tokens to topics -i.e., the additional topics should be used with low frequency. For example, if twenty topics is adequacy to exactly model the data, then inferred topic assignments would not be significantly affected by increasing the number of topics to fifty. If this is the case, using large K would not have a improvement on the inference. In another words, we still need a robust K. Actually, K could be seem as the rank of the solution space for topic generation. Setting K is same as manually selecting the rank of the solution space, which is obviously not reasonable.
If we think about a easy problem, in which one word can only belongs to one topic. Generating topics from corpus closely approximates to the processing of community detection in networks. A substantial amount of work in the area of community detection in networks has proposed effective algorithms to reveal the struct of the network only using the original information of the network without other prior knowledge. So we create a network of words in the corpus and detecting the communities of the network as the initial guess for topics, then refine these coarse topics.
Hierarchical Latent Semantic Mapping
Hierarchical Latent Semantic Mapping (HLSM) is a network approach to topic modeling. Similar to the well-known topic models, each document is represented as a mixture over latent topics. The key feature that distinguishes the HLSM model from the existing topic models is that HLSM directly clusters words and defines each cluster as a topic, then refines these initial topics, thus HLSM estimates the probability distributions p(word|topic) in a novel process.
The HLSM model infers topics as the following steps: Figure 1 . Illustration of the HLSM algorithm. step 1. Construct the unipartite network.we calculate the association between each pair of words that co-occur in at least one document. Then we construct the unipartite network in which words are connected with the association above the threshold. step 2. Clustering of words hierarchically.The words in the unipartite network are connected by the association in the latent topic space. Naturally we suppose that topics in the corpus will give rise to communities of words in the network. Thus we use the Hierarchical Map Equation [16] to detect the communities. And in most of corpus, topics come in the form of multiple levels of abstraction. Abstract topic consists of several concrete topics. Thus we detect some massive communities corresponding to the abstract topics, then we detect minor communities, which correspond to the concrete topics, from the massive communities. We take the communities as a prior guess for the number of topics and word composition of each of the topics used to generate the documents.It is worth noting that we do not set the number of levels and the number of communities for each level. Hierarchical Map Equation can reveal the multilevel organization in the network of words automatically. step 3. Refine the prior guess. After the last level of clustering of words, one may get some single communities of words, and in the step 2, one may get some single words not in the network. Thus the prior topics detected in step 2 are rough, we refine the topics using a PLSA-like likelihood optimization.
Construct the unipartite network
The association between words must be closely related to the topics to ensure the validity of clustering words based on this network. But the topics are latent, and all observations are the words collected into documents. If we assigns topics to documents artificially with prior human knowledge, one can observe that documents share the same topics also are more likely to share some words. Naturally we can believe that the words co-occur in many documents share the same topic, in another word these words are more similar in the latent topic space. To calculate the association between words in the latent topic space. Like the core idea of Latent Semantic Analysis (LSI), we map words to a vector space of reduced dimensionality based on a Singular Value Decomposition (SVD) of the co-occurrence matrix M , which each row i corresponds to a word, each column j to a document in which the word appeared, and each matrix entry M ij corresponds to the number of occurrences of word i in document j.
Starting with the standard SVD given by
the diagonal matrix ⌃ contains the singular values of M. The approximation of M is computed by setting all but the largest K singular values in ⌃ to zero (= e ⌃), which is rank K optimal in the sense of the L 2 -matrix norm.
One obtains the approximation
The corresponding low-dimensional latent vectors will typically not be sparse, while the original high-dimensional Matrix M is sparse. This implies that one can calculate meaningful association values between pairs of words in the latent topic space. In HLSM, we calculate the cosine similarity between the rows of U e ⌃ as the association of each pair of words in the latent topic space, and connects word i and j with this association S(i, j) : As shown in in Fig. 2 , for the reports about the UEFA, the value of connection between "Messi" and "prove" in Topic Mapping is higher than the connection between "Messi" and "UEFA" or the connection between "Messi" and "Cristiano". Actually, for topics generation, we want the value of connection between "Messi" and "UEFA" for documents about the UEFA higher than other connections. In HLSM the value of connections are more valid than Topic Mapping for topics generation.
After calculating all the values of connections. Suppose that the association values between some pair of words are so low that we presume these connections are noise. One can set a threshold of q to purne the connections lower than q.
Clustering words hierarchically
In most of corpus, the structure of topics is not simple and always can be multiple levels. Some concrete topics sit under a same abstract topic. For example, words in a corpus focusing on "soccer" might be drawn from the topics "stars", "matches", "history of soccer", etc.
We construct the network of words based on the association between words in the latent topic space. If the original structure of topics is multiple levels, the network should also have a multilevel structure. To reveal communities at multiple levels, we choose the Hierarchical Map Equation [16] . It is worth noting that we do not set the number of levels and the number of communities for each level. Instead Hierarchical Map Equation can reveal the multilevel organization in the network of words automatically.
The Map Equation proposed the duality between finding community structure in networks and minimizing the specification length of a random walker's movements on a network. For a given network partition, the map equation definiens the limit L(M ) of how laconic one can describe the trajectory of this random walk in theory.
The core idea of map equation is that if the random walker tends to stay in some blocks of the network for a long time, the code used for specification can be compressed. Therefore, when the proxy for real flow random walk in the network, estimating the minimum map equation over all possible network partitions could reveals the structure of the network with respect to the dynamics on the network. 
with the specification length of submap M i at intermediary levels given by
and at the final modular level by
Weight of codebook depends on the rate of use of it, and L(M ) is the sum of average length of codewords for each codebook. H(Q) is the average length of codewords in the index codebook according to the rate of use of it, while the entropy terms depends on the rate at which the codebooks are used. On any given step the random walker switches the first level modules at probability of q switch , while q switch is the rate of index codebook is used. At each submodule level, H(Q i ) is the average length of the codewords according to the using rate in the subindex codebook and q i switch is the rate of codeword use for entering the m i submodules or exiting to a higher level. At the last level, H(P ij...k ) is the average length of the codewords according to the using rate in the submodule codebook and p ij...k in is the rate of codeword use for visiting nodes in submodules ij...k or exiting to other submodules. The problem of seeking the hierarchical structure that best represents the structure is translated to finding the hierarchical partition of the network with the minimum map equation. Fig.3 illustrates an example for map equation. In this example we can assume that all weights for connections in the network are equal, thus all rates can be calculated by counting links and normalizing. The specification length for an unpartitioned network is log 2 (1/18) = 4.17bits. After the network is partitioned, the codewords of the first level modules are used at a total rate q switch = 2 50
( There are 25 lines in the network and 50 possible moves when considering direction, while only 2 moves can switch between the first level module.), while relative rates Q = 
L(M) = 0.04 bits + 0.61bits + 2.54 bits = 3.19 bits .
Refine the prior guess
Once the network is built, we detect clusters (same as the modules detected by Hierarchical Map Equation) of highly associated words using the Hierarchical Map Equation. After the last level of clustering, we get a hard partition of words, meaning that words can only belong to a single cluster. Actually a word may have multiple senses and multiple types of usage in different context. Consequently if we simply define every cluster as a topic, these rough topics can not provide a reasonable probabilistic interpretation of the corpus in terms of the latent topic space. Therefore we propose a method to further refine these rough topics.
We now discuss how we can compute the distributions p(topic|doc) and p(word|topic), given a partition of words. In the prior partition of words, we define every cluster as a topic. In fact, each word in the network can sit in only one module after the Hierarchical Map Equation processing. Therefore, p(t|w) = t,w . t,w = 1 only if the word w sits in the module, which corresponds to the topic t . For other topicst , t ,w = 0 . Noticing that in this step word w can only belongs to one topic t, so p(w, t) = p(w) , thus:
w is the number of times word w occurs in the document d. It is also useful to introduce n(w, t) = L C ⇥p(w, t), which is the number of times topic t was chosen and word w was drawn.L C is the number of the words in the corpus. So far, the PLSA-like likelihood of our model is:
We can improve this likelihood by simply making documents more specific to fewer topics. For that our optimization algorithm simply finds, for each document, words assigned with some infrequent topics and reassigns the most significant topic in that document to these words.
1. For each document d, we find the most significant topic t s with the smallest p-value, considering a null model where each word is independently sampled from topic t with probability p(t) = P w p(w)p(t|w). Calling x the number of words which actually come from topic t, (x = L d ⇥ p(t|d) , see Eq . (6) ) , the p-value of topic t is then computed using a binomial distribution, B(x; Ld, p(t)). Obviously p-value represents the significance of the word better than x, which only depends on the p(t|d). 2. For each document d, recall that after the step 2 we may get some single words not in the network. We simply assign these words to the most significant topic t s and we can calculate a baseline of the PLSA-like likelihood L(see Eq . (7)). 3. For each document d, we define the infrequent topics t in simply as those which occur with probability smaller than a parameter: p(t in |d) < ⌘. We assign the most significant topic t s to the words which belong to the all infrequent topics t i n. The p(t s |d) will be incremented by the sum of all p(t in |d), while all p(t in |d) are set to zero. Similarly, n(w, t in )(see above) will be decreased by w d w for each word w which belongs to an infrequent topic, and n(w, t s ) is increased accordingly. 4. After previous step for all document, we compute:
and the likelihood of model, L ⌘ , where we made explicit its dependency on ⌘. We pick the model with maximum L ⌘ by looping over all possible values of ⌘ (from 0% to 50% with steps of 1%).
HLSM estimates the probabilities p(w|t) and p(t) = P w p(w)p(t|w) from training data set, and calculates
, for a new document from held out data set, p(w|t) won't be changed, p(t|d) can be calculated by :
HLSM fixed the probabilities p(w|t) and p(t) after the training process, and hence is plagued by overfitting. It will be a shortcoming of the HLSM model, when the scale of the training data set is small.
Experimental Evaluations
HLSM is a topic model towards collections of text corpora. It can be applied to lots of applications such as classifying, clustering, filtering, information retrieval and related areas. Follow Blei's idea [8] , in this section, we investigate two important applications: document modeling and document classification.
Document Modeling
The goal of document modeling is to generalize the trained model from the training dataset to a new dataset. The documents in the corpora are unlabeled, our goal is density estimation, thus we wish to obtain high likelihood on a held-out test set. In particular, we computed the perplexity of a held-out test set to evaluate the models. Models which yield a lower perplexity are considered to achieve a better generalization performance because the model is less surprised by a portion of the datasets which the model have never seen before. Formally, for a test set of M documents, the perplexity is defined as: We conduct this experiment on a subset of the 20News-groups data set, which has been widely used for evaluating the performance of cross-domain text classification algorithms. It contains nearly 20,000 newsgroup documents which have been evenly partitioned into 20 different newsgroups. We chose 3878 documents (we filtered some little documents) from domain comp.graphics, com.sys.mac.hardware, sci.crypt, and sci.med as our dataset used in the evaluation. We held out 20% of the corpus for test purpose and trained the models on the remaining 80%. In data preprocessing, we removed 163 stop words in standard list and the words occurrences less than 3 times from each corpus. We compare HLSM against PLSA, asymmetric LDA and TopicMapping. The initial ↵ for asymmetric LDA was set to 0.01 for all topics. Fig. 4 shows the perplexity results where the number of the topics varies from 5 to 100. As can be seen, the HLSM model achieves slight improvement in terms of perplexity, while TopicMapping is close to asymmetric LDA. Experiment shows that the prior guess of HLSM makes great difference on the topic generation. 
Document classification
In the text classification problem, topic models are wished to classify a document into two or more mutually exclusive classes. The choice of features is a challenging aspect of the document classification problem. By representing the documents in terms of latent topic space, the topic models can generate the probabilities p(t|d). If one use the vector of p(t|d) as the feature of documents to fix the text classification problem, the probabilities vector generated by the most effective model can perform better than the probabilities vector generated by other models.
To test the effectiveness of HLSM, we compared it with the following representative topic models. 1. PLSA 2. symmetric LDA 3. asymmetric LDA 4. TopicMapping
We generated six cross-domain text data sets from 20Newsgroups by utilizing its labeled structure. There are 4 fields in each data set, Table 3 summarizes the data sets generated from 20Newsgroups. To make the classification problem more effective and convincing, the task was defined as a multi-label classification.
In these experiments, we estimated the probabilities p(t|d) using the above topic models on all the documents of each data sets, and used the vector of probabilities p(t|d) as the only features to train a support vector machine (SVM) for multi-label classification. For each data set, 20% of the documents were held out as the test data and we trained a SVM for multi-label classification with the remaining 80% labeled documents. We used these classifiers to predict the class labels of unlabeled documents in the test data. Notice that there were 4 field in each data set, the classification process was considered as correct only if the document was classified into the original field.
We did the same data preprocessing as above, and the number of topics in each data set for LDA, PLSA, and asymmetric LDA was set to 4. Table 2 summarizes the classification performance on each data set, the first three row shows the best accuracy while the number of topics for LDA, PLSA, and asymmetric LDA varies. The last row of the table shows the average accuracy over all data sets. From the table we can observe that HLSM outperformed all other topic models on six data sets.
Conclusion
A topic model HLSM is presented in this paper to apply an approach from the area of community detection to topic generation. We apply the HLSM model to several document collections for document modeling and document clustering, and the experimental comparisons against state-of-the-art approaches demonstrate the promising performance. Especially the examples of words with top probability p(word|topic) prove that topics generated by HLSM could be distinguished at a fine level.
Our work did not focus on the idea of the standard topic-model algorithms, which try to generated topics in a solution space with manually specified rank. HLSM automatically generates topics by revealing the struct of the network consists of words in the corpus. Particularly, plenty of work in the area of community detection focus on stochastic block models, which tries to reveal community structure in networks. We believe this work, which is similar to topic model in spirit, would offer new insights into topic modeling.
